Introduction
Bridges are designed according to codes that specify conservative limits on loading and material properties. Behaviour models used in design, while leading to safe and serviceable structures, are not intended for data interpretation and long-term management of the structure. During the design stage, engineers make conservative assumptions regarding aspects such as the composite behaviour and support conditions. Behaviour models using these assumptions often underestimate the loadbearing capacity of the bridge. Static load-tests may improve in the understanding of real structural behaviour. This paper presents results from static loads tests performed on the new Langensand Bridge in Lucerne, Switzerland.
Static load-tests are not new. Measurements have been used for example to update the flexural stiffness EI of the bridge. However, updating may not bring out reliable information related to the real behaviour of the bridge. An updated model is thus useful only for comparison purposes. Predictions for new load cases or for following the evolution of bridge structural properties (ex: creep) are generally not reliable.
Recent developments in the field of computing allow the use of computation-intensive approaches for interpreting measurements from static load-tests. Many researchers [4] [5] [6] [7] [8] [9] have already used static or dynamic measurements to update bridge models. However the uncertainties from measurement, hypothesis and modelling assumptions are seldom considered explicitly. A model that is found by minimizing the difference between predictions and measurements may not be the correct model. Such an approach is justifiable only when there are no errors, which is not feasible for most full-scale engineering challenges. Moreover, since system identification is an inverse approach, many models may predict the same measured behaviour. Raphael and Smith [10] observed that errors in model and measurements may compensate each other. They proposed a multi-model approach which involves the generation of thousands of possible behavioural scenarios. Candidate models are selected by comparing the difference between static measurements and predictions with a threshold value that is determined using estimates of modelling and measurement errors ; Robert- ).
Building on previous research, this paper presents results of the multi-model system identification approach applied to a new bridge. The approach is used to analyze measurements from static loadtests on Langensand Bridge. Instead of searching for a single model that exactly matches the behaviour of the structure "as tested", the approach aims to identify a set of candidate models such that any model from the set may explain measured behaviour. Several thousand finite element simulations are performed to identify a good set of candidate models. Uncertainty contributions from all sources are evaluated. Based on the evaluated uncertainties, threshold values are estimated for the candidate models. To evaluate the effectiveness of the multi-model approach, the candidate models are compared to the design model and a model obtained from model updating.
The following section describes the multi-model approach and how it is applied to the Langensand bridge case. Section three of this paper gives a general description of the load tests. It contains information about the type of acquired data, model generation and uncertainties. Section four presents results from structural identification.
System identification using multi-model approach
The multiple-model system identification method developed at EPFL is based on the hypothesis that modelling and measurement errors may compensate each other. Therefore this approach finds a set of candidate models such that the difference between model predictions and measurements are less than a threshold value that depends upon modelling and measurement uncertainties. The framework of multiple-model system identification research at EPFL [11, 12] is shown in Figure 1 .
Prior to load tests, thousands of a-priori behavioural models are generated based on engineers' design hypothesis and assumptions. The set of model parameters may consist of quantities such as elastic constant, bearing device stiffness and section thickness. Based on this a-priori model set, sensors are placed at location given by an algorithm previously developed at EPFL [1] [2] [3] . The objective of this process is to find sensor types and locations that will separate (i.e. identify) the largest number of candidate models. After the initial measurement system design, data is acquired from field tests. During these tests, every significant uncertainty sources are assessed (temperature effect, truck positioning, truck weight, sensor accuracy, bridge linear behaviour, etc). The contributions from each source are combined with modelling uncertainties, and a threshold value that is specific to each sensor and each load case is obtained. This threshold value determines whether or not a model is selected as a candidate.
The identification process is iterative. If no candidate models are identified or if new facts are discovered from the identification process, the initial hypotheses are modified and new models are generated. The predictions coming from the new set are then compared to the measurement data. When candidate models are found, they may be used to confirm or reject initial hypotheses, quantify bridge reserve capacity and assess factors affecting bridge behaviour.
Case study: Structural system identification of Langensand Bridge
The new Langensand Bridge in Lucerne (Switzerland), is being built in two phases to avoid traffic interruption on the existing bridge. Load tests were performed after the completion of the first phase when only a half of the bridge was built. Understanding the structural behaviour of this bridge is not straight forward due to its high slenderness ratio (>L/30), a cross section of non-uniform shape and the presence of an important skew at abutments. Sensors selected to perform the static-load tests are: displacement measurements taken in six locations with optical devices, two inclinometers placed near the abutment and fibre-optic sensors placed at five locations on the bridge. Figure 2 shows the finite element model created for the Langensand Bridge. A detailed cross-section of the bridge is presented in Figure 3 .
A population of models is generated from a general numerical model to which combinations of several features such as partial composite interaction, bearing device restraint, element thickness and material proprieties are added. The population is generated using the Latin Hypercube Sampling method implemented in ANSYS [13] . The main parameters and features used as input are: stiffness of the bearing devices, level of composite interaction between steel girder and concrete deck and values for parameters such as material proprieties, plate thickness and sensor positioning. In addition to test cases used to validate the models, a set of 1 000 models is used to assess the bridge behaviour. Each model is analysed for the three load cases. Separately, a set composed of 4 000 models is used to determine whether or not the concrete deck is behaving in a fully composite manner.
Figure 2 -Finite element model of the first half of Langensand bridge
A general model of the bridge is implemented using ANSYS Parametric Design Language (APDL) [13] . The geometry used in the model is based on the as-built geometry of the structure. In addition to the main load-bearing components, the model also includes secondary elements that significantly affect the behaviour of the bridge (i.e. sidewalk, barrier, road surface, stiffeners, reinforcing steel and bracing). Research studies [14] [15] [16] [17] [18] have already underlined the importance of these elements on the 
Uncertainties
Uncertainties identified during the tests have several sources. The ones that have a significant effect on the results come from: measurement, modelling and uncertainties in fundamental hypotheses. This section describes how each uncertainty type is assessed or minimized.
Measurement Uncertainties
The sensor accuracy is given in the resolution specifications from the manufacturer. In the case of electrical devices (i.e. inclinometers) the sensor accuracy has been taken to be twice the specified resolution to take into account cable and contact losses as well as site conditions. The movement from ambient vibrations of the bridge are filtered out by taking an average value over multiple samples. In-between each measurement and the application or removal of loads on the bridge, a time interval without activity of one minute is allowed for the attenuation of vibrations. The upper bound for the errors associated with truck positioning is computed since each load case is repeated three times. A factor of three applied to the standard deviation of the result of a given load case provides a confidence level of approximately 97%. The variations in the truck weights have a linear influence on the structure. Uncertainties caused by this variation account for a possible discrepancy of 0.5 ton over the weight of a single truck. Temperature effects are eliminated by taking measurements over a short period of time for each load case.
Modelling Uncertainties
Modelling experience and judgment are used to reduce uncertainties that originate from using the finite element method (FEM). Mesh discretization accuracy is estimated using preliminary studies made at IMAC. Uncertainties in geometry are eliminated by using a numerical model that uses dimensions taken from the "as-built" structure.
Hypothesis Uncertainties
Bearing devices and loads are assumed to be concentrated loads. This simplification of the real structure is valid only if the results are used for understanding the global behaviour of the bridge. Figure 4 gives the averaged contributions of all uncertainty types for each type of sensor. The main uncertainty sources are summarized and quantified in Table 1 . 
Results
Candidate models representative of the measured behaviour are presented in Table 2 . From a model set (composed of 1000 models) 11 candidate models are identified from static measurements. The predictions from the candidate set correspond to the displacement and rotation measurements with an average accuracy ranging from 4% to 7%. Strains are more difficult to assess. The deviations range from 15 to 22% compared with measurements. The predictions from the model set provide ranges within which the real behaviour of the structure is expected. The following section shows how the candidate model set is built. Candidate models are those for which the discrepancy between predicted and measured values for each sensor and each load case lie between threshold bounds. This process is illustrated in Figure 5 where model predictions are plotted against to their discrepancy relative to the measured value. In each plot, the dotted lines indicate threshold bounds. Each point represents a model. Candidate models are shown by a plus marker. The figure shows that models minimising the discrepancy to 0 for one or even several measurements are not always the best models to explain the behaviour of the structure. Averaged discrepancy (%)
Model num Results from measurements show no signs of a partial interaction between the concrete deck and the steel girder. Models representing a partial composite interaction have unrealistic material proprieties to compensate for the additional flexibility introduced by this feature. Oehlers and Bradford [19] report that "all composite beams with mechanical shear connectors exhibit partial interaction, since the mechanical shear connectors have to slip before they resist shear". Therefore, while the effect may be present, it is not significant enough to be distinguished from fully composite interaction and therefore it would not significantly alter the in-service behaviour of the structure.
Improvement over classical model updating
Predictions from the design model, a model obtained by model updating and models from multimodel approach are compared for the risk situation E d (1) prescribed in the SIA standard [20] .
Model updating approach
From beam theory, one may determine the equivalent flexural stiffness of the bridge using the measurements. The equations relating the stiffness to displacement and rotation measurements are given in Figure  6 . Measurements from one load case are used to compute the equivalent flexural stiffness of the bridge. Using the four measurements and the equations presented in Figure 6 , the average flexural stiffness 
is evaluated as 2.75x10 17 N.mm²
Comparison of approaches
The stiffness estimated using model updating is used to predict the maximal displacement of the bridge under the risk situation E d . Results are shown in Table 3 . The table also includes the predictions of (i) the candidate models from the multi-model approach and (ii) the design model. 
Conclusion
The conclusions of this research are:
-The tests demonstrate the applicability of the multi-model approach for structural identification of bridge structures. It shows that models generated by model updating may be unreliable. Simple model updating may be unsafe since structural capacity may be overestimated.
-Generation and reasoning with set of candidate models improve the understanding of the bridge behaviour. The example in this paper showed that these models are able to predict the service behaviour to within 7% of measured values.
-Comparing the candidate model set to the initial design model that only takes into account main structural elements shows that the structure has approximately 30% reserve deflection capacity.
-The results show that there is full composite interaction between the concrete slab and the steel girder. While partial interaction may be present locally, it has negligible impact on the global service behaviour of the structure.
Future work will focus on assessing the modelling uncertainty associated with using shell elements to model bridge behaviour. Also, studies using new statistical approaches are underway to rank the candidate models according to their probability of representing the structure. Ranking models would allow combining a-priori knowledge of structural parameters with model identification.
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